ABSTRACT Visibility of outdoor scenes is often degraded by haze. The atmosphere particles absorb and scatter the light, causing failure in various computer vision applications. In this paper, we propose a naturalness preserved fast dehazing algorithm using hue, saturation, and value (HSV) color space. First, we process hazy images in HSV color space instead of red, green, and blue (RBG) in order to preserve hue and reduce computational complexity. Second, we use the modified morphological opening operation for estimating the transmission map. In this way, the halo effects are greatly suppressed, and it costs less time than the specially designed filters. The experimental results demonstrate that the proposed algorithm can effectively remove haze. Also, our algorithm maintains naturalness by preserving hue and suppressing halo effects. Moreover, the computational complexity has been largely reduced, thus making our algorithm appropriate for real-time applications.
I. INTRODUCTION
The visibility of images captured in outside scenes is debased or degraded by haze. Those images suffer from low contrast and color distortion, which hinders satisfactory performance in computer vision applications.
Many algorithms have been proposed to solve the image dehazing problem. The physical model widely used to describe the cause of formation of hazy images is the atmospheric scattering model [1] . Early algorithms focus on some priors due to the insufficient depth information. Tan [2] removes haze by maximizing hazy image contrast in local regions. Fattal [3] uses the assumption that the transmission and surface shading are locally uncorrelated to estimate the transmission map. In 2009, the dark channel prior (DCP) was proposed [4] , which has been regarded as the state-of-the-art. Nevertheless, the algorithm proposed in [4] cannot preserve the color and may bring halo effect in complex structures. As a result, dehazed images will suffer from color shift and artifact effects [5] .
He et al. [6] propose using guided filtering instead of soft matting to refine transmission map. It improves time efficiency, but the estimation of the transmission map is not abundant because the guided filter is only an approximation of soft matting. Zhang et al. [7] replace minimum operator by median operator. The dark channels become less blurry, but the median-based algorithm is less physically meaningful.
Recently, algorithms based on machine learning have been proposed. Zhu et al. [8] use color attenuation prior (CAP) to estimate the scene depth. A learning strategy is applied to calculate the parameters. This algorithm has limited applicability due to insufficient prior information. Cai et al. [9] introduce deep learning to image dehazing. It is the first deep learning algorithm for dehazing, but their algorithm is timeconsuming and tends to keep more haze in dehazing results. Jiang et al. [10] use a surrogate-based algorithm to learn a refined polynomial regression model for optical depth. The depth has errors because the regression model cannot fit all scene points.
Currently, the dehazing algorithms still have problems on computation complexity or deficient results. The naturalness of images are ruined by halo effects or color distortion due to imperfect priors. Many specially-designed filters are proposed to refine the coarse results, thus making the whole process time-consuming. According to our previous works [11] , [12] , naturalness and processing speed is important for single image dehazing.
To address the problems of the loss of naturalness and reduce the time expenses, we propose a naturalness preserved fast dehazing algorithm using HSV color space. First, by processing hazy images in HSV color space instead of RGB, we can preserve hue and reduce computational complexity. Second, we use the modified morphological opening operation for the estimation of the transmission map. In this way, the halo effects are greatly suppressed and it costs less time than the specially-designed filters. The experimental results demonstrate that the proposed algorithm can effectively remove haze. Also, our algorithm maintains naturalness by preserving hue and suppressing halo effects (see Fig.1 ). Moreover, the computational complexity has been largely reduced, thus making our algorithm appropriate for real-time applications.
II. PROPOSED ALGORITHM A. OBSERVATIONS OF HSV COLOR SPACE
Hue, Saturation and Value (HSV) color space is related with human vision. Wan and Chen [13] prove the hue channel of hazy image is invariant under certain circumstances. This feature inspires us to recover hazy images by dealing with the brightness and the saturation. The conversion from RGB to HSV is as follows:
where In [14] , a dataset, D-HAZY, that contains more than one thousand pairs of images with ground truth reference images and hazy images of same scene is introduced. We calculate the MSE (mean square error) and SSIM (structural similarity index) between hue channels of hazy images and ground truth images. The results are shown in Fig.2 . From Fig.2 , we come to a conclusion that hazy images and haze-free images have similar hue. As for the brightness, we know from the scattering model that hazy images have higher pixel intensities. The saturation is then decreased.
Based on the analysis of the features of HSV color space, our proposed dehazing algorithm will only modify the saturation and brightness of the hazy images. For the intensity, we put forward a new algorithm, the modified morphological opening operation, to estimate the transmission map. For the saturation, we make full use of the relevance between the saturation and the brightness to derive the recovery coefficient. The flowchart of our algorithm is displayed in Fig.3 .
B. INTENSITY RECOVERY BY OPENING OPERATION
We modify the traditional opening operation to apply it to the dark channel estimation. First, structuring elements used in dilation are set to be a little larger than structuring elements used in erosion. In this way, halo effect will be suppressed more significantly. Second, after opening, we limit the intensity to be smaller than the lowest value in three color channels. This limitation is applied to avoid over correction in bright areas.
For an input RGB image I , we firstly calculate its minimum value in RGB channels:
Then we apply the proposed modified morphological opening operation to I min . The shape of structuring elements (SE) is rectangle.
Here, we use I modify (x) as the estimation of the dark channel. In our experiments, r 2 = 35, r 1 = 31. The values may vary based on the size of hazy images.
To obtain the global atmospheric light A, we pick the top 0.1% highest pixels from I modify (x) in consistent with [4] . Among them, pixel with the largest intensity in the V channel is selected as the atmospheric light.
Then, the transmission map t(x) can be given as:
where ω is used to preserve distant haze, usually fixed as 0.9. We use t(x) and A to recover the value channel:
where v(x) is the V channel of an input hazy image, t 0 is a user-defined lower bound. After the opening operation, bright pixels in relatively dark areas will be replaced by neighboring pixels with the lowest intensity, and it has little impact on pixels in bright areas (usually more haze-occupied). Therefore, haze density in both dark areas and bright areas can be predicted by morphological opening results. Moreover, the edges of dark and bright areas will not be occupied by dark pixels because the followed dilation step will recover the edges. We use a larger structuring element for dilation to better suppress halo effects. Another advantage is that the opening eliminates texture fluctuations, thus making the dehazing result preserving more textures. Although the size of the structuring element is larger than the original dark channel algorithms which fix the window size as 15, we do not use computationally expensive filters so our algorithm is in fact more efficient than them.
C. SATURATION RECOVERY MODULE
Since the saturation is relevant to the brightness (4), we derive the recovery coefficient using the currently known intensity. For an arbitrary pixel p in hazy image, its RGB value is (R, G, B). Let M be the maximum of (R, G, B) and m be the minimum of (R, G, B). In HSV color space, the saturation of pixel p can be given by:
Suppose p in the output haze-free image has value (r, g, b). Using the scattering model, the new value can be expressed as:
We can infer the recovered saturation:
where M new is the maximum of (r, g, b) and m new is the minimum of (r, g, b). Because the same restoration is used for each RGB color channel, the maximum and minimum values of a hazy image and a haze-free image are usually in the same channel. Thus, M new and m new can be given by:
From (13) and (14), we derive that:
Here, we can use 1 1+
A×(t(p)−1) M
as a recovery coefficient to recover the saturation. Coincidentally, the maximum of input image does not need to be computed specially. The value channel in HSV color space is the maximum image of RGB. Moreover, the atmospheric light and transmission map are obtained when recovering intensity, thus making saturation recovery a quite time-saving step.
D. SUMMARY
In summary, the detailed algorithm is as follows:
Step 1: Apply opening operation. Given a hazy image I , we first apply the modified opening operation to its minimum value of RGB channels. The result serves as the estimated haze density.
Step 2: Convert I from RGB to HSV. Using the equation in section 2.1, we obtain the value channel and saturation channel.
Step 3: Estimate the atmospheric light. The atmospheric light A is picked as the brightest pixel of the value channel from the top 0.1% brightest pixels in I modify .
Step 4: Apply the intensity recovery to the value channel. We have obtained the haze density estimation in step 1 and the atmospheric light in step 2, so the transmission map can be calculated using the atmospheric scattering model. Then, the value channel is recovered using (10).
Step 5: Apply the saturation recovery to the saturation channel. The saturation is closely relevant to the value channel, so we derive the equation using the value and transmission.
Step 6: Convert to RGB color space. The value and saturation are recovered through the recovery modules and the hue is invariant. After this, we can convert the image to RGB color space.
III. EXPERIMENTAL RESULTS

A. QUALITATIVE EVALUATION
We use D-HAZY dataset to evaluate our algorithm. The images in D-HAZY Middlebury are scaled to 1/4. Fig.4 shows some images in Middlebury dataset and their dehazing results. The names of these pictures are Vintage, Bicycle, Backpack, respectively. The result of Vintage demonstrates that our algorithm can achieve good result same as the guided filter DCP algorithm in smooth images. Our algorithm is better at avoiding color distortion. On the curtain area of the bicycle image, the significant color distortion is effectively suppressed by our algorithm. The halo effect in the backpack image has also been successfully erased using our algorithm while the traditional guided filter algorithm fails. Apart from He et al. [6] , we also implement some latest proposed algorithms, including the light channel algorithm [15] , DehazeNet [9] , halo suppression algorithm [16] and surrogate modeling algorithm [10] . More comparisons are shown in Fig.5-7 . In Fig.5 , the color of trees and grass is well-preserved using our algorithm and the lake looks more natural. The mountain picture shows that our algorithm can suppress halo effects, thus preserving the edges. The results of the village picture indicates our algorithm preserve the naturalness of the trees in the distance.
B. QUANTITATIVE EVALUATION
We compute SSIM and CIEDE2000 between ground truth images and dehazing results. The SSIM index compares local patterns of pixel intensities. The resulting SSIM index is a decimal value between -1 and 1, and value 1 is only reachable in the case of two identical sets of data. The color difference is measured by CIEDE2000, with values between 0 and 100. The smaller CIEDE2000 index means better color preservation. The results shown in Table 1 demonstrate that our algorithm is better at decreasing color difference. Without the halo effects and color distortion, our algorithm can preserve the naturalness of the haze-free images. [9] , (e) Jiang et al. [10] , (f)Our algorithm.
C. COMPUTATION COMPLEXITY
As for time complexity, we test on D-HAZY NYU dataset. There are 1,449 hazy images with the same size 640×480. All of these algorithms are implemented on MATLAB R2017a. The time reported here is from MATLAB profiler tool. The CPU platform is Intel Core i5-7300HQ with 8G RAM. From Table 2 , we can see that the refinement step ''guidedfilter'' is very time consuming. It is mainly because the ''boxfilter'' function will be called seven times for one image. In fact, box filter improves efficiency comparing to mean filter. But it is still the bottleneck of guided filter. In contrast, the proposed algorithm reduces time complexity by 47.1%, which is a significant gain. Based on MATLAB profiler analysis result, the most time consuming part of the proposed algorithm is color space converting. The light channel algorithm [15] will be as fast as guided filter DCP algorithm with parallel processing. Without parallel processing, it will be slower. The halo effect suppression algorithm [16] is the fastest because it uses a simple coefficient to refine the transmission map. Therefore, their transmission maps are the most unprecise. DehazeNet [9] is very time-consuming because it uses a complex neural network.
IV. CONCLUSION
In this paper,we propose a naturalness preserved fast algorithm for single image dehazing. Our proposed algorithm can effectively suppress halo effects by applying the modified opening operation to estimate the transmission map. In the meantime, we avoid color distortion through the HSV color space. It is consistent with observed conditions to enhance the visibility of hazy images in HSV color space. Also, the time complexity has been reduced significantly. Experimental results demonstrate that our algorithm outperforms other algorithms both visually and quantitatively.
In spite of this, our algorithm is still unable to recover the visually satisfied color for images captured in complex weather conditions like sandstorm. The atmospheric light is no longer white in these situations, so white balance methods, such as gray world method, perfect reflector method and fuzzy rules method [17] , are necessary (Fig.8) .
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